ABSTRACT The traction load of a high-speed railway (HSR) may cause significant voltage fluctuations in the traction power supply system and the utility grid. To evaluate power quality, modeling traction load is an urgent need as well as a fundamental work. This paper aims to build a probabilistic model to describe the pattern of traction load changing with time. It is very challenging due to the randomness of train behavior. This paper first investigates the stochastic process of traction load and points out that the size and frequency of load fluctuation, respectively, rely on the slope and length of the rail ramp. Based on this, train power (TP) and headway (TH) are set as two basic components of the probabilistic model, where TP and TH are described by a normal distribution and an exponential distribution, respectively. In addition, a sliding time-window method is developed for generating time-dependent load samples. The proposed method has low complexity, as well as can consider the randomness, giving more realistic simulation results. It can be used to forecast traction load for a planning railway or to establish a measurement-based model for an operating railway. A case study is performed for parameter identification and model verification, and the rapid voltage change (RVC) caused by the HSR loads has been evaluated in different operation scenarios.
I. INTRODUCTION
China high speed railways (HSRs) have been developing rapidly in the past decade. By the end of 2017, 28 thousand kilometers have been put into operation, and the rated power of a single train exceeds 20 MW. Traction loads can aggravate voltage fluctuations of utility grid, imposing negative impacts. This topic has drawn a lot of research interests [1] , [2] .
To investigate those impacts, the key is to estimate traction loads. Up to now, three typical load models have been widely used, i.e., constant, component-based, and measurementbased models. For a constant power/current model, traction load is set to be fixed [3] - [7] , hence it is not suitable for the studies involving load fluctuations.
For the component-based model, train load is estimated via train traction calculation (TTC) method, where train motion is described by using a planned timetable and train power
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is obtained by mechanical calculations. Rigorous simulation of a traction power supply system (TPSS) is then achieved by nodal analysis or power flow calculation. In this way, a TPSS can be entirely investigated [8] - [11] . In general, the TTC-based method relies on multiple steps and many parameters. However, grid-oriented research prefers simple models for reducing the overall complexity. In [12] , a software package was directly used to provide traction load data to avoid complex train simulations. In [13] , a graph-theorybased technique was proposed to simplify the process of TTC. Due to high complexity, the TTC-based method is less practical in analyzing a large-scale power system that includes multiple traction loads. Apart from that, it is very challenging for such method to describe the load fluctuation caused by the uncertainty of train behavior.
For the measurement-based method, an easy way is to access field test data [14] - [16] . However, it is unsatisfactory in terms of convenience and flexibility and does not give an insight into the load pattern as well. Another well-known approach is to use a probability density function (PDF) to characterize traction load. Taking into account the randomness, it can provide more realistic simulation results. However, it is very difficult to find a common PDF for traction loads due to the large differences among the profiles. In [17] , a normal distribution was used for generating load random samples to verify the performance of the energy storage system. While in [18] , the traction feeder current was described by a lognormal PDF since its probability curve is left-skewed. In practice, the probability of traction load does not always follow a simple PDF, i.e., multiple PDFs are usually required for describing a single load profile. Apart from that, the timevarying characteristics of traction load cannot be revealed by the PDF-based methods.
As for probabilistic component-based modeling, train power and dynamic headway are regarded as two decisive factors. In [19] , the train power was described with a probability profile related to train position, and the dynamic headway was assumed to obey a normal distribution. In [20] , two normal distributions were employed to describe the train power and the number of trains. Similarly, those models cannot generate time-dependent load samples thus do not support the study of load fluctuation. The time-varying pattern of traction load is useful for many subjects, such as the development of power conditioner and the assessment of rapid voltage change (RVC) or flicker [21] , [22] . To evaluate the installation of a reversible substation, a high-complexity simulator was developed in [23] , depending on an accurate traffic model with different headways, stochastic dwell times, different time shifts, and a traffic regulation with various speed profiles. However, it is too complex, and cannot be used for measurement-based modeling as well.
In this paper, the stochastic process of HSR traction load is investigated. Two basic components, train power (TP) and train headway (TH), are considered as the decisive factors of traction load. The overall level of TP is determined by train speed. For the fluctuation of TP, its range relies on the ramp slope, while its frequency is related to the ramp length. The random natures of range and frequency are then described by normal and lognormal distributions, respectively. Another component, TH, determines the number of trains that are running in the power supply range, which is described by an exponential distribution. According to these inferences, a stochastic process is developed to simulate the time-varying traction load. The contributions and technical novelty of this paper are as follows:
1) Since traction load is determined by the number of trains and the power of each train, the model driven by TP and TH has better flexibility than the constant current/power model. TP and TH as random events are independent from each other, thus they have clear and stable patterns. That also brings the model an advantage in terms of stability. 2) Compared with the TTC-based method, since the proposed model requires only a few parameters, the complexity of load simulation can be greatly reduced.
Meaningfully, the uncertainty of train behavior has been considered. 3) Compared with the PDF-based method, the timevarying characteristics will be revealed through a stochastic process. Apart from that, the model can fit various load profiles by parameter match rather than structure modification. The rest of this paper is organized as follows. Section II investigates the probability characteristics and time dependence of TP. Section III analyzes the superposition mechanism of traction load, and proposed the stochastic model. To identify the parameters, a method based on ant colony optimization (ACO) is introduced in Section IV. In Section V, case studies are made for parameter identification and RVC assessment, followed by the conclusion in Section VI.
II. ACTIVE POWER ANALYSIS FOR A SINGLE TRAIN A. PROBABILITY CHARACTERISTICS
According to the TTC theory, the total resistance of a train mainly includes two parts: basic and additional. The unit basic resistance depends on train speed, usually being approximated in terms of a quadratic function of the speed by Davis equation [8] , [9] , [24] 
where c 1 , c 2 and c 3 denote Davis parameters, and v is the train speed in m/s. The additional resistance per unit mass is determined by the track characteristics, which mainly includes ramp, curve and tunnel, hence it can be illustrated by [24] w a = w a,1 (r 1 ) + w a,2 (r 2 ) + w a,3 (r 3 
where r 1 , r 2 , and r 3 denote slope in ,curveradiusinm,and tunnel length in m, respectively. The calculation of w a can be detailed as [25] :
In general, the additional resistance is dominated by the slope. For a cruising train, its unit tractive force is equal to the total resistance:
where the basic resistance is fixed due to the constant speed as well as plays a dominant role. That is, the unit tractive force has a stable expectation. Moreover, the changes of track conditions cause random fluctuations of train tractive force, and they are strongly random and independent from each other. For instance, the ramp varies with the undulating terrain. In probability theory, the central limit theorem states that, the arithmetic mean of a large number of iterates of independent random variables, each of which is with a well-defined expected value, will be approximately normally distributed. The unit tractive force is therefore denoted as a random variable:
where µ f and σ f are the mean and the deviation, determined by w b and w a , respectively. Based on the actual data of the Beijing-Tianjin passenger line, traction calculation is made for verification, where an electric multiple units (EMU) of CRH380AL is cruising at the speed of 350 km/h and the sampling interval is 1 s. The unit tractive force is computed with (3), as shown in Fig. 1 . The maximum reaches 26 N/kN for the power of 22 MW. Along the railway line, the tractive force randomly fluctuates around its mean. Fig. 2 shows the probability curves of unit tractive force in single-trip and round-trip scenarios. For the single trip, the curve is left-skewed because the train goes downhill. When the train goes uphill, the curve will be right-skewed. For the round trip, the curve is perfectly bell-shaped. The normal distribution is chosen for curve fitting via OriginPro 2017 [26] . The fitting result is g (17.0, 2.9 2 ), where the coefficient of determination (COD) reaches 0.992. While for a CRH380AL cruising at the speed of 300km/h, the fitting result is g(13.2, 2.9
2 ). The power consumption increases from 32 to 42 kWh/km as train speed increases from 300 to 350 km/h. Evidently, the air resistance plays the crucial role to the mean, while the railway conditions, mainly the rail slope, determine the deviation.
Since active power is the product of tractive force and speed, for a train cruising at the speed v, its active power is denoted as a normally distributed random variable P tr :
where M denotes train mass in kt, G is the gravity constant of about 9.8N/kg, and µ p and σ p are the mean and the deviation of unit train power, respectively. The field test data obtained on an EMU has been analyzed to verify (5) . The probability histogram is drawn in Fig. 3 , and the curve-fitting result is as g(6.2, 0.1
2 ) with the COD of 0.963. It can be seen that normal distribution is suitable for describing the active power of a cruising train. In the classic textbook [27] , Marquardt pointed out that train current can be well depicted by a normal distribution although the complexity of power factor may reduce the accuracy. For AC-drive trains, the power factor is very close to 1 [10] , hence the normal distribution should achieve a better fit. Note that, the inference is based on the assumption that the train runs at a constant speed. When the train is going through several speed zones, large changes in speed may lead to several peaks to the probability density curve of train power.
B. TIME DEPENDENCE
As aforementioned, the randomly changing slope is decisive to the fluctuation of train power. As a result, the ramp length determines the fluctuating frequency. Since the ramp length relies on the undulating terrain, it is a natural growth driven by the accumulation of a large number of small altitude changes. VOLUME 7, 2019 Moreover, the length value is definitely positive. In probability theory, if a growth is related to a lot of random changes and the effect of any one change is negligible, the central limit theorem says that the distribution of their sum on a log scale is nearly normal [28] . Hence, the ramp length can be expressed as
where L r denotes ramp length, in m, and µ r and σ r stand for the mean and the deviation, respectively. The actual data of ramp lengths is scattered in Fig. 4 . Railway 1 and 2 refer to the lines of Beijing-Baotou and Beijing-Tianjin, respectively. The fitting results are denoted as two lognormal functions: ln (L r )∼g(7.4, 0.5
2 ) and ln (L r )∼g(7.9, 0.4
2 ), with CODs of 0.993 and 0.950, respectively. It can be seen that lognormal distribution can well describe the characteristics of ramp length. According to (6a), the time interval of TP changing can be computed by ramp length and speed, denoted as a random variable
As a result, TP fluctuates at a varying time interval.
III. TRACTION LOAD MODELING A. TRAIN HEADWAY (TH)
For the power supply range of a traction phase/substation, 1) its length is fixed, 2) train arriving is an independent random event with a low rate of occurrence, and 3) the number of trains passing through is approximately constant in a certain period of time. In probability theory, the random variable with the above features follows a Poisson distribution [29] . The number of trains (TN) is thus described by a Poisson random variable
where λ stands for the mean. In reality, train motion is constrained by specific timetables, so that the probability of train arriving has a stable expectation. Since trains are independent of each other in operation, from a probability perspective, TN comes from a random sampling of true-false events (namely Bernoulli trial). Broadly speaking, TN is subject to a binomial distribution. It has been rigorously proved in the early literature [27] , [30] . Due to the low probability rate of train arrival, the Poisson distribution with one parameter can well describe the pattern of TN. It can greatly reduce modeling complexity compared with a binominal distribution using two parameters.
With the records of railway operation, the TN probabilities of the section of Beijing to Langfang are scattered in Fig. 5 , with the period of 24 h and the sampling interval of 1 min. By the Poisson formula of (7), the curve-fitting result is θ (4.3) with the COD of 0.945, i.e., the mean is 4.3. As can be seen, Poisson distribution is accurate to describe the random pattern of TN.
In order to describe the time-varying characteristics, dynamic headways must be randomly generated. Since TN is subject to Poisson distribution, TH random samples can be obtained with exponential distribution, denoted as
where represents exponential distribution, T s is the duration of a train passing the railway section at speed v, and l s is the section length. Evidently, the expectation of T h is T s /λ. The corresponding PDF can be written as
where τ denotes a random sample of TH.
With the actual timetable [31] , the probability of departure headways of the HSR of Beijing to Tianjin is drawn in Fig. 6 , where T s is 1 h. With (8c), the curve-fitting result is f (4.97), i.e., the average TH is about 12 min. Even for such small sample space, the exponential distribution gives an acceptable result.
In transport-related works, exponential distribution has been widely used to describe the random pattern of vehicle headway, known as the M1 model [32] , [33] . Many studies pointed out that it is especially suitable for low-flow traffic simulations. For railways, train arrival is a low probability event. Consequently, exponential distribution is usually used to describe the random pattern of train headway [34] .
Note that, for the safety of railway operation, TH has a lower limit that is related to the length of signaling block. For EMUs, that length is usually as 2 -5 km with respect to various speed limits. Accordingly, TH samples generated by (8) should be screened with the lower limit.
B. TRACTION LOAD MODELING
The decisive factors, TH, TP, and the changing interval of TP, can be respectively described by particular distributions, thus traction load can be simulated via a stochastic process, where the methodology is shown in Fig. 7 .
As shown in Fig. 8 , a traction phase/substation may serve multiple trains at the same time, thus the total load is a sum of train powers. Suppose that N trains are cruising in the power supply range. From a probabilistic point of view, the trains are randomly selected from the collection of all trains. The total active power can be denoted as a random variable:
FIGURE 8. Schematic illustration of a traction power system.
where n represents a train, and M s and P s are random variables of train mass and unit power, respectively. According to the central limit theorem, for a large sample space, the random variable M s is expressed as
where µ m and σ m stands for the mean and the deviation, respectively, and N 0 stands for the total number of all trains. Similarly, the random variable P s is expressed as
where µ p,n and σ p,n stand for the mean and the deviation of unit power of train n. The deviation relies on line conditions, thus (11c) can be modified to
For double-track or flat single-track railways, the mean µ s of unit power is determined by train speed, while the deviation σ s is mainly related to railroad slope since EMUs are very close to each other in unit basic resistance. Indeed, the gap of unit air resistance between the major EMUs is less than 10%. Even for the power supply range with multiple speed limits, (11) should be accurate as long as the sample space is large enough.
According to (9) - (11), it can be proved that the total power of P ,N approximates a normal distribution. The proof is given in Appendix. The total power of N trains is then written as
Since TN follows a Poisson distribution, the traction load can be formally expressed as
where the virtual train with active power P tr is used to describe the superimposed load of actual trains. According to (13) , the fluctuation of traction load obeys a compound Poisson with the expectation of λµ. According to the probability theory, the density curve is usually left-skewed if the mean λ is small, and it will be bell-shaped when the mean λ is large, approximating a normal distribution. Supposing N tr ∼ θ (4) and P tr ∼ g(5, 2 2 ) MW, by using (13), the characteristics of traction load can be further investigated. The probability values when TN equals 2, 3, 4, 5, and 6 is 0.15, 0.20, 0.20, 0.16, and 0.10, respectively. Fig. 9(a) shows the density curves with respect to different TNs. As can be seen, 1) each P ,N follows a particular normal distribution, 2) TN is a decisive factor, so that the density curve of P is usually left-skewed with a long tail on the right, and 3) the lower-power part of the density curve may be unsmooth due to small TNs. The above characteristics can be verified by the field test data, as shown in Fig. 9(b) and (c). For a large λ, Poisson distribution approximates a normal distribution, and the density curve of total power P will be perfectly bellshaped, as shown in Fig. 9(c) . Note that, the peak near the vertical axis is caused by the no-train situation and the routine maintenance.
Based on field test data, the parameters in (13), denoted as [λ, µ, σ ], can be identified through curve-fitting methods. In the two cases, the powers of virtual trains are as g 2.22, 0.26 2 and g 3.14, 1.74 2 , respectively, in MW. In Fig. 9(b) and (c), the red dot-lines, simulated with the identified results, match the actual data very well, especially for the long tails on the right side. It is worth mentioning that an extra parameter can be set to denote the no-load probability to improve fitting precision.
To achieve a time-dependent simulation, the sliding timewindow method is developed, illustrated in Fig. 10 . Define k as the index of the train that will enter the window. Suppose that N trains are running within the window, where N will change with time. These trains can be retrieved by the constraint:
where headway τ is randomly generated with (8a), and T s is the width of the window. Set the time resolution to 1 s. Define t as the simulation step. The detailed steps of traction load simulation are as follows:
1) Generate a certain number of samples of trains. For each train i, headway τ i and active power p i are generated by (8a) and (13b), respectively. The power p i will change after a time period of T r,i generated by (6) . Initialize t, k, and d to 0.
2) If d equals τ k , i.e., the train k is entering the window, let k ⇐ k + 1 and d ⇐ 0. Retrieve the trains by (14) . Set the total load p to be the standby loss. The detailed steps are formally written as Algorithm 1, where T e denotes the simulation duration in seconds, T a stands for the accelerating time with the additional power of p a after passing the neutral section, and p loss is the standby loss.
Note that, for double-track railways, the power samples are separately generated by Algorithm 1 for up and down directions, denoted as p ,up (t) and p ,down (t), t ∈ [1, T e ], respectively, For each time step t, the total load is computed with p (t) = p ,up (t) + p ,down (t). To simulate the time-varying traction load, the parameters of [λ,µ, σ , µ r , σ r ] need to be determined. For a planning railway, they can be estimated based on the design data of timetables and trains. For an operating railway, they can be identified based on measurements. When being used to evaluate RVC or flicker, the statistical indexes specified in the standards [21] , [22] , such as the number of 1-h RVC events, can be set as fitting targets.
Evidently, µ r and σ r depend on railway designs rather than operation plans. These parameters can be easily obtained and will not change for a long time. Moreover, they have less effect on the total load. By contrast, the parameters of [λ,µ, σ ] play the decisive role and must be estimated precisely.
In order to describe the random pattern of traction load, five fitting targets can be chosen: 1) average number of RVC events per hour, 2) 95% index of voltage/load change, 3) average of voltage/load change, 4) 95% index of total load, and 5) average total load. Note that, the 95% index is the value that is larger than 95% of samples. Therefore, the objective function can be designed as
where e denotes the fitting error, ψ stands for a solution of the parameters, represents the solution space, z i and s i stand for measured and simulated indexes, respectively, and w i denotes the weight of index i. With a set of parameters, Algorithm 1 can generate a certain number of load samples to obtain the statistical indexes. The error is then computed by (15b) to evaluate these parameters. In this way, an optimization algorithm can be designed to search the optimal solution.
B. ALGORITHM DESIGN
With the designed objective function, classic optimization algorithms can be employed for parameter identification, such as generic and ACO algorithms. In the next, the identification method based on ACO will be introduced in detail.
ACO is a bio-inspired method, and its classical application is to solve the travelling salesman problem [35] , [36] . ACO has high efficiency as well as good robustness. It is also convenient to improve. In this paper, an improved ACO is designed for parameter identification. For ease of explanation, assume that there is only one parameter x, x ∈ [x min , x max ]. Define J as an integer to divide the range of [x min , x max ] into J intervals. The midpoint of each interval is taken as the candidate value of x. That is, there are J paths in city x. The j-th path is
After a certain number of iterations, the parameter's range will be narrowed, enhancing local search. The rangenarrowing strategy is expressed as
where max (·, ·) and min (·, ·) return the larger and smaller numbers, respectively, x opt is the in-process optimal result, and ρ denotes the narrowing rate, ρ ∈ [0, 1]. The range-narrowing strategy allows a smaller J , hence each path will be visited by more ants. As the ranges narrow, the pheromone matrix will be reinitialized to avoid being trapped by a local optimal solution. Accordingly, this strategy can help ACO first perform a rough search in global space then perform a detailed search in the local space, simplifying initialization, speeding up convergence, and improving accuracy.
The parameters of [µ, σ, λ] represent three cities, forming a single trip. Every ant must select a path to pass through each city. For city i, i ∈ [1, 3], a possible path is denoted as
The path selection depends on the state transition probability. Here, the probability, with which an ant chooses path j to pass through city i, is designed as [35] (19) where τ ij denotes the pheromone level on path j of city i.
Once the ant completes the trip, it will leave pheromones on the chosen paths. The changes of the matrix τ are recorded in another matrix τ [35] :
where b i is the path chosen at city i and denotes pheromone intensity. The amount of pheromones that an ant leaves on the paths depends on the fitting precision, as the second item in the right of (20) . Once all ants complete the trip, the matrix τ is then updated by the following equation [35] :
where k denotes iteration index and γ stands for evaporation coefficient. According to (15) - (21), the steps of ACO identification are as follows:
1) Initialize the pheromone matrix τ , the number of ants, and the numbers of both outside and inner loops. The number of simulated samples is set to the number of measured samples.
2) Let an ant pass all cities, where each path is uniformly selected by (19) . After the ant finishes the trip, compute the parameters by (16) .
3) With the computed parameters, generate power samples by Algorithm 1, and then compute the RVC statistics. 4) Compute the error by (15b), and record the changes of pheromones by (20) . Go to Step 2 until all ants complete the trip.
5) Update the matrix τ by (21) . Initialize the matrix τ . Go to Step 2 for the next loop, i.e., let all ants repeat the trip until the inner loop is done.
6) Narrow the ranges by (17) . Reinitialize the matrix τ . Go to Step 2 until the outside loop is done. 7) Output the favorite paths, and compute the final optimal parameters by (16).
V. CASE STUDY A. PARAMETER IDENTIFICATION
The field test data of the Beijing-Tianjin double-track HSR is leveraged for parameter identification and model verification, where the operating speed is 300 km/h. Various EMUs runs on this line at different speeds, such as CRH2, CRH3, and CRH380. The traction phase towards Tianjin of Substation Yizhuang is to be simulated, the length of which is 42 km. Fig. 11 shows a part of load profile. The threshold of rapid load change is set to be 3 MW, which together with the short-circuit capacity (SCC) determines the RVC threshold. Simulation duration and the sampling interval are set to 10 h and 1 s, respectively.
Four key parameters, denoted as [λ, µ, σ, p a ], are selected for identification, where p a is used for describing the accelerating power pulse leaving the neutral section. Based on the improved ACO, a computer program has been developed for parameter identification. Table 1 gives the settings. The weights in (15c), w i , i ∈ [1, 5] , are shown in Table 2 . With Intel Core i7-6700 CPU @3.4-GHz and 8-GB of RAM, the program can find an optimal solution in 30 min. The optimal solution is [λ, µ, σ, p a ] = [0. 42, 2.58, 0.83, 6.20] . With these parameters, traction load samples are generated, as shown in Fig. 12 . Table 2 presents the statistics. As can be seen, the simulated total load profile is very close to the measured one in terms of time-varying characteristics and statistical data, although they differ a little in minor details.
In addition, Fig. 12(c) shows the cumulative probability curves of measurement and simulation. The fitting result is very good, especially in the higher-power range. Due to long headway and high speed, the rate of occurrence of only one or two EMUs running is high, resulting in a decrease in accuracy within the lower-value range of total power. Since most regulations and standards use the maximum or nearby values to assess the impacts of traction load, it is acceptable in practical applications.
For comparison purposes, another simulation is made via the TTC method. The operating speed is set to be 300km/h, and the EMU train is set as CRH3. The headway is set according to the actual timetables. Table 3 presents the statistics and Fig. 13 shows the load profile. It can be seen from Fig. 13 that the load fluctuates in a rigid pattern since ignoring the uncertainties. As can be seen from Fig. 13(c) , the cumulative curves have large differences, even in the higher-power range. In Table 3 , the simulated statistics of RVC are close to the actual data, but the load level is much higher. It is not accurate enough to consider only one type of train. When considering the diversity of trains, the TTC simulation will be much more accurate. However, it is computationally expensive for gridoriented studies.
By contrast, the proposed model have several advantages as follows: 3) It can be used in a variety of ways such as load forecasting, measurement-based modeling, and hybrid simulation by using the TTC results 4) Due to lower complexity, it can achieve a large-scale grid-oriented simulation that includes multiple traction loads.
B. APPLICATION IN RVC ASSESSMENT
The time-dependent load model can be used for numerous studies such as voltage quality assessment, negative sequence [43] . In the following, the RVC will be evaluated for HSR loads according to different operation settings. For V/V or V/X traction transformers, the RVC is estimated for a traction phase by [22] , [44] 
where S denotes rapid load change, and S sc stands for SCC. The threshold of RVC is set to 0.2% [22] . Define r as the average number of RVCs per hour. For the r-ranges of [11, 100] and [101, 1000], the limits are 1.5% and 1.0%, respectively. The power supply range of each traction phase is set to 30 km, while the length of signaling block is set to 4 km. Assume that the EMU train is CRH380AL with 16 carriages. The power supply capacity of TPSS is sufficient, i.e., EMUs can operate at the rated power. The power factor is set to 0.99. The scenarios are shown in Table 4 . The simulation period is 10 h. By Algorithm 1, 10-round simulations are made to compute the averages, and the results are shown in Table 5 . As can be seen, the RVC caused by 350km/h-HSR loads may exceed the limit, even if S sc is set to 3 GVA. Only when S sc approximates 4 GVA, the 95% index of RVC will meet the standard in all scenarios. The limit can be relaxed to 2.5% if RVC is irregular and strongly random [22] . According to the relaxed limit, RVC violations will be avoided when S sc is above 1.3 GVA.
Moreover, simulations show that RVC frequency is related to headway and speed, while its magnitude is determined by the accelerating power of a train after passing the neutral section. Many studies are conducted to the impact mitigation of train passing neutral section, including RPC, co-phase power supply, and uninterruptible neutral-section passing techniques. Without the impacts of phase-separations, further simulations are made, i.e., set p a to be zero. Table 5 shows the results. As can be seen, the RVC index decreases by more than 30%, and the maximum is not more than 2.0% in the worst case.
With the rapid construction of HSRs, the impacts of traction loads on the utility power grid have caused a lot of attention, and relevant standards are under discussion as well. At present, various power compensators are developed to improve power quality inside the traction network and at the interface to the utility grid, applying power electronics technology [45] . Those works need a wide variety of load profiles for verification and optimization. The proposed stochastic model can generate more realistic load samples, providing an efficient method to simulate various scenarios.
VI. CONCLUSION
The randomness of train behavior significantly increases the complexity of traction load. Although the TTC-based method is widely used to simulate traction load, it is very challenging to consider the operational uncertainties as well as to be applied for large-scale analysis for the utility power grid. In this paper, a probabilistic load model is proposed to achieve a stochastic process simulation. It can be used not only for measurement-based modeling but also for traction load forecasting. 1) As the two basic components, TP and TH are respectively described by normal and exponential distributions, where the magnitude and frequency of TP fluctuation rely on the slope and the ramp length, respectively. These designs are derived from the superposition mechanism of traction load, hence the model can well depict the time-varying pattern. 2) In applications, the model's parameters can be estimated with the design data for a planning line, or be identified with the measurements for an operating line. For the latter one, actual statistics should be set as the fitting objectives, and multiple-round simulations should be performed to improve the identification accuracy. 3) Compared with the PDF-based methods, the proposed model can fit a particular load profile by parameter match rather than structure modification, thus it has better performance in terms of applicability, flexibility, and stability. Apart from that, it can reveal the time-varying characteristics. Compared with the TTC-based method, it can take into account the uncertainties as well as reduce modeling complexity. 
